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ABSTRACT 
Prognostics and asset life prediction is one of research potentials in engineering asset health 
management. We previously developed the Explicit Hazard Model (EHM) to effectively and explicitly 
predict asset life using three types of information: population characteristics; condition indicators; and 
operating environment indicators. We have formerly studied the application of both the semi-parametric 
EHM and non-parametric EHM to the survival probability estimation in the reliability field. The survival 
time in these models is dependent not only upon the age of the asset monitored, but also upon the 
condition and operating environment information obtained. This paper is a further study of the semi-
parametric and non-parametric EHMs to the hazard and residual life prediction of a set of resistance 
elements. The resistance elements were used as corrosion sensors for measuring the atmospheric 
corrosion rate in a laboratory experiment. In this paper, the estimated hazard of the resistance element 
using the semi-parametric EHM and the non-parametric EHM is compared to the traditional Weibull 
model and the Aalen Linear Regression Model (ALRM), respectively. Due to assuming a Weibull 
distribution in the baseline hazard of the semi-parametric EHM, the estimated hazard using this model is 
compared to the traditional Weibull model. The estimated hazard using the non-parametric EHM is 
compared to ALRM which is a well-known non-parametric covariate-based hazard model. At last, the 
predicted residual life of the resistance element using both EHMs is compared to the actual life data. 
Keywords: Hazard, Residual life, Condition indicator, Operating environment indicator, Explicit hazard 
model, Weibull model, Aalen linear regression model 
1. INTRODUCTION 
Maintenance cost effectiveness, increased availability, reliable and safety operation, and the likely 
survival time of equipment are key factors for decision support in industrial plants. Predicting the 
survival time and the probability of failure in future time is an indispensable requirement in engineering 
asset health management. To comply with this requirement, methodologies surrounding the modeling 
and analysis of data representing the time until the occurrence of an event have been widely applied. 
Condition indicators and operating environment indicators are two types of data that are normally 
obtained in addition to failure event data. Condition indicators reflect the level of degradation of assets 
while operating environment indicators accelerate or decelerate the lifetime of assets. These data contain 
significant information about asset life. When these data are available, a substitute approach to the 
classical reliability analysis is the modeling of condition indicators and operating environment indicators 
as well as their failure-generating mechanisms using a covariate-based hazard model. 
A number of covariate-based hazard models were reviewed in the literature (Gorjian et al. 2009). Some 
covariate-based hazard models applied to estimate the hazard of an asset using its age and condition 
indicators, while the others modeled the hazard of the asset using its age and operating environment 
indicators. In fact, the existing covariate-based hazard models neglect using three types of asset 
information (i.e. condition indicators, operating environment indicators, and population characteristics) 
for prediction of asset failure. The Explicit Hazard Model (EHM) is a novel approach to explicitly 
incorporate all of these data into a covariate-based hazard model to have more effective hazard 
estimation (Gorjian et al. 2010a). EHM exists in two forms: semi-parametric and non-parametric. The 
semi-parametric EHM assumes a specified lifetime distribution (i.e. Weibull distribution) in the form of 
the baseline hazard, while the non-parametric EHM does not include such a restrictive assumption. 
Both forms of EHM were previously applied to the survival probability estimation in the reliability field 
(Gorjian et al. 2010b; Gorjian et al. 2010c). This study attempts to predict the hazard and residual life of a 
set of resistance elements using the both forms of EHM. The predicted hazard of the resistance element 
using the semi-parametric EHM and the non-parametric EHM is compared to the traditional Weibull 
model and the Aalen Linear Regression Model (ALRM), respectively. Due to assumption of Weibull 
distribution in the form of the baseline hazard of the semi-parametric EHM, the estimated hazard using 
this model is compared to the traditional Weibull model. The estimated hazard using the non-parametric 
EHM is compared to ALRM which is a famous non-parametric covariate-based hazard model. Similar to 
the non-parametric EHM, regression parameters in ALRM are estimated without having to make an 
assumption about the lifetime distribution of the baseline hazard. Eventually, the predicted residual life of 
the resistance element is compared to the actual life data as a set of complete life data of these resistance 
elements along with the history of their condition indicator and operating environment indicator is 
available to us. 
The remainder of this paper is organized as follows. Section 2 presents formulations and statistical 
inference procedures of the semi-parametric EHM, non-parametric EHM, and ALRM. Section 3 shows 
predicted results of the hazard and residual life of the resistance element. Discussions and conclusions 
are given in Section 4. 
2. THEORY 
EHM is a covariate-based hazard model that was recently developed to incorporate the condition 
indicator and the operating environment indicator as well as their failure-generating mechanisms into the 
modeling of asset life (Gorjian et al. 2010a). ALRM, proposed by Aalen in 1989, is a non-parametric 
covariate-based hazard model that also has the ability to include these data in the modeling of asset life 
(Aalen 1989). ALRM has been mainly applied in the biomedical field (Mau 1986; McKeague 1986; Mau 
1988; Andersen and VÃ¦th 1989; Aalen et al. 2004). There is no study to apply ALRM for including the 
condition indicator and the operating environment indicator as well as their failure-generating 
mechanisms in reliability modeling. In the reliability field, ALRM is merely applied as a supplement to the 
proportional hazard model to check the assumption of time-dependence of covariates (Kumar and 
Westberg 1996). The Weibull model is the well-known and traditional approach in reliability modeling. 
Due to popularity of this model and the existed MATLAB function, we are not providing explanations on 
the theory of the Weibull model. However, the theoretical development and parameter estimation of the 
semi-parametric EHM, non-parametric EHM, and ALRM are briefly described in following subsections. 
2.1 Semi-parametric Explicit Hazard Model 
The semi-parametric EHM assumes that the baseline hazard has the form of a Weibull distribution. This 
model is expressed as: 
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Where,     and     are shape and scale parameters of Weibull distribution;        and        are 
vectors of the condition indicator and operating environment indicator, respectively; and     and     are 
unknown parameters of the model which define the effects of the condition indicator and operating 
environment indicator. A likelihood function is used to estimate the parameters of this model. 
Suppose that a random sample of   items yields   distinct failure times and     censoring (or 
suspension) times. Therefore, the likelihood function of the semi-parametric EHM is obtained by: 
                                   
    
                                
         
    
                
 
 
    
 
  
 
 
   
                                  
        
 
 
  
 
 
 
 
 
   
                                
         
 
 
 
(2) 
Where,                     is the hazard function and                     is the reliability function.    
indexes the set of failure times and    denotes the set of surviving times.    is the failure time of the  
   
item, and    is either the failure time or the surviving time of the  
   item. All parameters of this model are 
obtained by maximizing the log-likelihood function using a nonlinear optimization algorithm. 
2.2 Non-parametric Explicit Hazard Model 
The non-parametric EHM is a distribution free model. This model is expressed as: 
                                                      (3) 
Where,        and        are vectors of the condition indicator and operating environment indicator, 
respectively.     and     are unknown parameters of the model which define the effects of the condition 
indicator and operating environment indicator. The baseline hazard of the model is a function of both 
time and the condition indicator. It is assumed that                      and   is termed as the baseline 
time (Shyur et al. 1999). Suppose a monotone transformation from the baseline time scale   to the 
observed time scale   is a function of the condition indicator history up to time  . The transformation 
function can be defined as:                            
 
 
  . Subsequently, the non-parametric EHM 
can be rewritten as: 
                                               (4) 
Unlike the likelihood function of the semi-parametric EHM, all parameters of the non-parametric EHM are 
estimated without having to make an assumption about the lifetime distribution of the baseline hazard. 
For this estimation, a partial (or marginal) likelihood function is used. Suppose that a random sample of   
items yields   distinct failure times and     censoring (or suspension) times. Let the ordered failure 
times be            and let       be the set of items with       , where   can be either an observed 
failure times or a censored time. Therefore, the partial likelihood function of the non-parametric EHM is 
given by: 
              
                                
                                        
 
   
 (5) 
A quadratic spline function with one knot is used to estimate the baseline hazard of the preceding 
equation. All parameters can be estimated by maximizing the log partial likelihood function using a 
nonlinear optimization algorithm (refer to (Gorjian et al. 2010c) for further detail of the log partial 
likelihood function). 
2.3 Aalen Linear Regression Model 
ALRM explicitly includes contributions of covariates (e.g. condition indicators and operating environment 
indicators) that change over time. Let   be the number of items and   the number of covariates, then 
ALRM for the vector,    (t), of the hazard                 is considered as (Aalen et al. 2004): 
                    (6) 
Here,        is a         matrix where its row at time   is the vector             
       
         
     , 
where   
               are time-dependent covariate values corresponding to those items that are in 
the risk set at time   . The risk set consists of those events that have not occurred (observed failure times 
or censored times) until time   . If the      item is not in the risk set at time   , then the corresponding row 
of        consists of only zeros. Vector                             ,        is interpreted as the baseline 
parameter function, while        ,           are called regression functions which defining the 
influence of the respective covariates. For the ease of estimation, the cumulative regression functions are 
estimated instead of the regression functions themselves. Aalen (Aalen 1989) considered the estimation 
of the column vector       with elements                 , where                         
 
 
  . 
Similar to the partial likelihood, a non-parametric estimation of regression functions is applied for this 
model. Suppose that            be the observed failure times, then a reasonable estimator of       is 
given by (Aalen 1989): 
             
    
    (7) 
Mathematically,       is a stochastic integral with respect to a martingale and this guarantees that it is 
almost unbiased and is asymptotically normally distributed with estimated covariance matrix. Here,       
is a generalised inverse of         , while     is an indicator vector of zeros except for a one corresponding to 
the item that experience an event (observed failure time) at time    . Note that       can be obtained using 
the Moore-Penrose generalized inverse algorithm as follows: 
                         
  
          (8) 
3. CASE STUDY 
A set of laboratory experiment data, provided by the Department of Mechanical Engineering at Monash 
University, was used for this case study. This experiment was carried out on four identical resistance 
elements (i.e.         , and   ) on a resistance corrosion sensor board under an identical condition 
(the original test was conducted for other applications). The typical failure mode of the resistance 
elements was corrosion. A set of complete life data of these resistance elements along with the history of 
their condition indicator and operating environment indicator was available. The sectional loss and 
ambient temperature were measured over one year and considered as the condition indicator and 
operating environment indicator, respectively. The trend of sectional loss data showed that the sectional 
loss gradually increased. The average range of changes in sectional loss was between        to      per 
year. However, sectional loss values were increased beyond       at certain points of times in each 
resistance element. Therefore, we assumed that failure times occurred in these points. This type of failure 
is termed as the soft failure time where the asset performance deteriorates to an unacceptable level. 
According to the assumed failure threshold, there were three soft failure times and a suspension time. 
The aforementioned models are used to predict the hazard and residual life of the first resistance element 
(  ) given its age as well as both the condition and operating environment information obtained. To avoid 
overestimating parameters in the models, both the condition indicator and operating environment 
indicator should be rescaled. The sectional loss rescales from    to  . The temperature rescales 
by              , where   is the temperature in degree Celsius. Partial sectional loss data and ambient 
temperature data for the first resistance element are shown in Table 1. 
Table 1: Condition and operating environment indicators of the first resistance element      
Time (days) Sectional loss      Temperature  
    
 
  
1 0.005 3.305 
47 0.012 3.389 
89 0.013 3.381 
150 0.017 3.294 
185 0.018 3.344 
232 0.021 3.389 
274 0.023 3.299 
301 0.023 3.425 
328 0.023 3.415 
351 0.120 3.463 
Figure 1 shows the hazard estimation of the first resistance element (  ) using the semi-parametric EHM 
and the traditional Weibull model. Figure 2 depicts the hazard estimation of    using the non-parametric 
EHM and ALRM. 
  
(A) (B) 
Figure 1: Hazard estimate of the first resistance element      using the (A) semi-parametric EHM and (B) 
Weibull model 
 
(A)  (B) 
Figure 2: Hazard estimate of the first resistance element      using the (A) non-parametric EHM and (B) 
ALRM 
As it can be seen in Figure 1, the estimated individual hazard using the semi-parametric EHM is close to 
the calculated population hazard using the traditional Weibull model. Hence, it shows that the estimation 
error of hazard using the semi-parametric EHM is insignificant. Figure 2 presents a comparison of the 
individual hazard estimation between two non-parametric covariate-based hazard models. It 
demonstrates that the estimated hazard using ALRM is not restricted to non-negative values. A likely 
reason of providing the negative hazard values is because of using a small data set in the modeling. One 
practical consequence of the lack of restriction to non-negative numbers is that ALRM cannot ensure 
monotonically decreasing survival probabilities. Consequently, such anomalies affect the accuracy of the 
residual life prediction. Since ALRM produces negative hazard values, the residual life of the first 
resistance element (  ) is predicted only by the semi-parametric and non-parametric EHM. 
The residual life,                  , can be predicted using the following equation: 
                                
 
 
   
 
 
 (9) 
For residual life prediction, new condition indicators and operating environment indicators 
                       need to be predicted first. In this study, the nonlinear model fitting method is 
applied to predict the condition indicator and operating environment indicator beyond the current time  . 
According to this method, the condition indicator and operating environment indicator in the future time 
can be predicted as: 
             (10) 
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Here,          
  
    is a nonlinear function of time. In this case study, the history of the condition 
indicator and operating environment indicator follows a polynomial of degree five. The history of these 
indicators is used in the nonlinear model fitting as a training data set, and the new condition and 
operating environment indicators are predicted for the last three time periods. Then, using the cross 
validation method, the predicted residual life in these times is compared to the actual life as shown in 
Table 2 (Tan and Kramer 1995). 
Table 2: Residual life prediction of the first resistance element      
Time 
(days) 
Actual life 
(days) 
Predicted residual life (days) 
Semi-parametric 
EHM 
Non-parametric 
EHM 
301 50 58 0 
328 23 32 0 
351 0 9 0 
Results of residual life prediction are not satisfactory in this case study. One of the possible reasons is that 
the history of indicators used in training data set is sparse. Additionally, sudden changes in the trend of 
condition indicator data could be another reason for the forecasting results. 
4. DISCUSSIONS AND CONCLUSIONS 
This paper reports on an application of the Explicit Hazard Model (EHM) in asset life prediction. Both the 
semi-parametric and non-parametric forms of this model are applied for hazard and residual life 
prediction of a set of resistance elements. A set of complete life data of four resistance elements along 
with the history of their condition indicator and operating environment indicator is available. Since four 
resistance elements are identical and also this experiment was conducted under an identical condition, 
the predicted hazard and residual life of the first resistance element using above-mentioned models is 
only shown in this paper. Due to assuming a Weibull distribution in the baseline hazard of the semi-
parametric EHM, the estimated hazard of the resistance element using this model is compared to the 
traditional Weibull model. In addition, the estimated hazard of the resistance element using the non-
parametric EHM is compared to the Aalen Linear Regression Model (ALRM) which is also a non-
parametric covariate-based hazard model. Alike the non-parametric EHM, ALRM uses a non-parametric 
estimation of regression functions. Finally, both the semi-parametric and non-parametric EHMs are used 
to predict the residual life of the resistance element. As the actual life data are available, the predicted 
residual life is compared to the data. 
As seen in Figure 1, the estimated hazard of the resistance element using the semi-parametric EHM is 
close to the traditional Weibull model. It shows that the estimated individual hazard is close to the 
population hazard. Figure 2 depicts the comparison of the estimated hazard of the resistance element 
using two non-parametric covariate-based hazard models. This figure demonstrates that ALRM is not 
restricted to non-negative hazard values particularly where a small data set is used in the modelling. One 
practical consequence of the lack of restriction to non-negative numbers is that ALRM cannot ensure 
monotonically decreasing survival probabilities. As a result, such anomalies affect the accuracy of the 
residual life prediction. Therefore, due to the weakness of ALRM, residual life prediction is only 
recommended using the semi-parametric and non-parametric EHMs. Table 2 shows the results of the 
predicted residual life of the resistance element using these models. Due to small number of condition 
and operating environment indicators as well as a sudden change in the trend of the condition indicator 
data, the accuracy of the predicted residual life is not satisfactory. In future research, a suitable field data 
set will be used to further study of the semi-parametric and non-parametric EHMs for residual life 
prediction. 
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